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tWe present The Predi
tive Tra
king Algorithm Testing Suite, a software platform fordeveloping and examining di�erent predi
tive tra
king algorithms a
ross a variety of sys-tem and algorithmi
 parameters. The suite allows for the evaluation of predi
tors a
rossa multidimensional parameter spa
e whi
h in
ludes sampling rate, predi
tion time, noisevarian
e, spe
i�
 algorithmi
 parameters, and di�erent types of user motion. By providinga general testing suite, VR and AR system designers 
an ask a variety of questions abouthow to maximize predi
tor performan
e in tra
king systems and appli
ations. We des
ribethe features of the testing suite and it's underlying software ar
hite
ture as well as ourdata preparation methodology. We also present some simple experiments that show thetesting suite's utility by examining four Kalman �lter-based predi
tors (two for positionand two for orientation) on head and hand motion datasets.Keywords: Kalman �lter, Extended Kalman �lter, predi
tion algorithms, samplingrate, predi
tion time, noise varian
e



1 Introdu
tionPeople have many problems when intera
ting with virtual environments. One of theseproblems is that the displayed image is often presented in
orre
tly to the user be
ause itdoes not re
e
t the user's 
urrent position and orientation (i.e., pose). To remedy thisproblem, the image displayed to the user should be based on the user's pose at displaytime, the time right after s
anout when the image is displayed on the s
reen.1 However, itis generally diÆ
ult to pre
isely know the user's display time pose at image 
omputationstart time, the time at whi
h the 
omputation of the display image begins and the user'spose is required.One naive but rather 
ommon te
hnique for determining the user's pose at display timeis to simply assume that the user's image 
omputation start time pose is the display timepose. If the user does not move during image 
omputation time, the time between displaytime and image 
omputation start time, the te
hnique works well.2 However, if the userdoes move during image 
omputation time the displayed image will not be syn
hronizedwith the user's 
urrent pose.A more sophisti
ated approa
h is to estimate or predi
t the user's display time posefrom prior observations at image 
omputation start time. Ideally, this approa
h wouldallow the image 
omputation pro
ess to produ
e an image that is syn
hronized with theuser's motion at display time. However, it is diÆ
ult to a

urately determine where theuser will be at display time even with the most sophisti
ated predi
tion algorithms. Withthis approa
h there are a number of parameters, su
h as devi
e sampling rate and noise aswell as the type of user motion, the length of the predi
tion time, and spe
i�
 algorithmi
parameters that 
ontribute to the overall predi
tion algorithm error. Therefore, having apredi
tive tra
king algorithm testing suite for understanding how these di�erent variablesa�e
t the predi
tion a

ura
y of the user's pose would provide a valuable tool to tra
kingsystem and virtual and augmented reality appli
ation developers.In theory, su
h a tool would aid in answering a variety of questions about how tominimize user pose predi
tion error and maximize display-to-user-motion syn
hronization.In addition, these questions 
ould be asked in a number of di�erent ways. For example,the testing suite 
ould help determine what predi
tion algorithm works best, given spe
i�
values for the parameters shown above. In another 
ase, given a parti
ular predi
tionalgorithm, determining what kind of error one 
ould expe
t and what the values are forthe system parameters that in
uen
e it would be useful for VR and AR system designers.Finally, given an error metri
, the tool 
ould determine the predi
tion algorithm(s) that�t under a parti
ular error threshold and what the values for the system parameters need1For the purposes of this paper, we will assume that display time is an instant in time instead of a timeinterval.2Note that even if the user does not move there still would be some error asso
iated with the displayedimage due to noise from the input devi
e. 1



to be to maintain that level of performan
e. More spe
i�
ally, the following list representssome example questions whi
h typify how a testing suite 
ould be used.1. With hand motion data, a tra
ker running at 60Hz with a noise varian
e of 0.0025in
hes in position and 0.5 degrees in orientation, and predi
tion times between 50and 100ms, what predi
tion algorithm should I use whi
h has an average predi
tionerror under 1 in
h in position and 3 degrees in orientation?2. I want my predi
tion algorithm output error to be below 0.2 in
hes in positionand 2 degrees in orientation. What predi
tion algorithms will �t my needs if I amestimating the user's head pose? hand pose?3. How far 
an I predi
t into the future with a given predi
tion algorithm, a samplingrate of 20, 40, or 80 Hz, and noise varian
e of 0.003 in
hes in position and 1 degreein orientation?4. Does predi
tion algorithm A perform better than B, given I am predi
ting with handtra
king data vs. head tra
king data?5. How robust is predi
tion algorithm A a
ross di�erent sampling rates? predi
tiontimes? noise varian
es?This paper presents The Predi
tive Tra
king Algorithm Testing Suite, a software plat-form for developing and testing predi
tion algorithms in the 
ontext of virtual and aug-mented reality. In addition to des
ribing the testing suite, we also demonstrate the fea-tures of the suite by showing the results of some simple experiments on how four Kalman�lter-based predi
tors are a�e
ted by di�erent sampling rates, predi
tion times, and noisevarian
es for both head and hand motion data. We also dis
uss how the empiri
al data
ould be used to provide insight into three hypotheti
al questions whi
h might be askedwhen developing a tra
king system or VR appli
ation.1.1 Paper OrganizationIn the next se
tion we present some related work on predi
tive tra
king algorithm perfor-man
e analysis and brie
y dis
uss their similarities and di�eren
es to our work. Se
tion 3des
ribes The Predi
tive Tra
king Algorithm Testing Suite by examining its features andsoftware ar
hite
ture as well as our motion data preparation methodology. Se
tions 4 and5 present some simple experiments whi
h show the utility of the testing suite. Finally, wedis
uss some future work for extending the testing suite and using it to develop generalpredi
tive tra
king algorithm models. 2



2 Related WorkThere has been a signi�
ant amount of work done on predi
tive tra
king algorithms in bothaugmented and virtual reality. However, most of this work examined these algorithms withspe
i�
 systems in mind and did not study their performan
e more generally. For exam-ple, Azuma and Bishop developed Kalman �lter-based predi
tors for a see-through HMDutilizing velo
ity and a

eleration sensors[1℄. Three separate head motion sequen
es werestudied along with two di�erent predi
tors. However, di�ering sampling rates, predi
tiontimes, and sensor noise varian
es were not taken into a

ount. Friedmann et.al. usedKalman �lter-based predi
tors as well, but their studies were limited to simple hand mo-tion (i.e., drumming) and were not thoroughly tested a
ross di�erent system parameters[3℄.This is one of the few 
ases where predi
tive tra
king was used with hand motion data. Ourwork presents one of the �rst signi�
ant experiments on predi
tive hand tra
king. OtherKalman �lter-based predi
tors have been developed and studied with similar restri
tionson system parameters and user motion[5, 7, 9℄.Besides Azuma and Bishop[1℄, there has been little work on 
omparing di�erent pre-di
tive tra
king algorithms. Wu and Ouhyoung[12℄ presented experiments 
omparing aKalman �lter-based predi
tor, simple extrapolation, and Grey System predi
tion[13℄ buton
e again did little with varying system parameters su
h as sampling rate and predi
tiontime.Finally, Azuma and Bishop's frequen
y-domain analysis of predi
tive tra
king algo-rithms is similar to our work in that they developed theoreti
al formulae for 
hara
teriz-ing predi
tor behavior based, in part, on predi
tion time and the motion signal's powerspe
trum[2℄. With these formulae, extensive 
omparative studies are not as importantsin
e these \
losed form solutions" provide a powerful measure of predi
tor a

ura
y.However, these theoreti
al formulae do have limitations in that they do not take into a
-
ount sampling rate or stati
 sensor error, and they were only developed for two spe
i�
predi
tors. In addition, they were not developed with hand motion in mind and do nottake nonlinear or adaptive predi
tors into a

ount. Extending the 
on
epts behind thesetheoreti
al formulae to in
lude other existing and novel predi
tion algorithms and moresystem input parameters represents a fundamental and signi�
ant extension to previouslydo
umented results. Although our work is mostly empiri
al, we believe that our test-ing suite provides the ability for more general and robust predi
tor analysis whi
h wedemonstrate with the example experiments presented in Se
tion 4 and 5.3 Predi
tive Tra
king Algorithm Testing SuiteTo develop predi
tive tra
king algorithms and robustly test them a
ross the multidimen-sional parameter spa
e, we require a tool that makes it easy to run a variety of di�erent3



test s
enarios. In addition, we require useful error metri
s whi
h help us to gauge predi
-tor performan
e. The Predi
tive Tra
king Algorithm Testing Suite provides su
h a tooland makes it easy to perform intera
tive and automati
 testing pro
edures. Automati
testing pro
edures allow for tests a
ross di�erent system parameters while the intera
tivetests allow us to look at spe
i�
 parameter 
on�gurations in more detail. In the follow-ing subse
tions, we des
ribe the testing suite fun
tionality, our motion data preparationpro
ess and the suite's software ar
hite
ture.3.1 Testing Suite Fun
tionalityThe testing suite provides a number of useful features. It 
urrently has over 20 di�er-ent predi
tive tra
king algorithms in
luding simple polynomial extrapolation methods,exponential smoothing algorithms, Grey System predi
tion[13℄, and a variety of Kalman,extended Kalman, and uns
ented Kalman �lter-based predi
tors[10℄.By setting spe
i�
 parameters (i.e., sampling rate, predi
tion time, noise varian
e, andalgorithmi
 parameters), users 
an run a single test whi
h provides global and 
omponentwise error results for a number of di�erent error metri
s. The suite also provides testingpro
edures for examining predi
tors a
ross di�erent sampling rates, predi
tion times, errorvarian
es, and algorithmi
 parameters (depending on the parti
ular predi
tor). Thesetests are single variable tests in that one parameter varies while the rest stay 
onstanta

ording to user spe
i�
ations. In addition, the suite provides a full system parameter testwhere sampling rate, predi
tion time, and error varian
e are all variables while algorithmi
parameters stay 
onstant. This test 
an be used for 
olle
ting data points a
ross the wholemultidimensional spa
e.There are 
urrently three di�erent error metri
s, root mean square (RMSE), maxnorm, and per
ent better, implemented in the testing suite. All of these error metri
sare 
omputed for global position and orientation as well as the individual 
omponents ofthe position ve
tor and quaternion. For the purposes of this paper, we only des
ribe theglobal error metri
s. Given a sequen
e of predi
ted poses (denoted by subs
ript p) andtruth poses (denoted by subs
ript t), the root mean square position error, RMSEpos, isvuut 1n n�1Xi=0 l2i (1)where RMSEpos is in in
hes andli =q(xpi � xti)2 + (ypi � yti)2 + (zpi � zti)2: (2)For root mean square orientation error with truth quaternion qti and predi
ted qauternionqpi , 4



RMSErot =vuut 1n n�1Xi=0 e2i (3)where RMSErot is in degrees andei = 2(180)� ar

os ((qti(qpi)�1)[w℄): (4)In addition to RMSE, whi
h shows how predi
tors are performing on average, we alsoutilize the max norm error metri
 whi
h simply �nds the maximum distan
e between thepredi
ted pose and the truth pose. In other words,MAXpos = max(li); i = 0:::n� 1 (5)MAXrot =max(j ei j); i = 0:::n� 1 (6)help to determine how predi
tors are performing in the worst 
ase.Finally, the per
ent better error metri
 determines how predi
tors are performingrelative to the random walk predi
tor. The random walk predi
tor is just the naivesolution to the predi
tion problem where the last pose from the tra
king system is used asthe predi
ted pose. We 
ompute this metri
 by 
ounting the number of times the predi
tedpose is 
loser to the true pose than the random walk pose and divide by the total numberof predi
tions made.3.2 Data PreparationOur test data has to be in a format general enough to handle the variety of di�erentpredi
tive tra
king algorithms as well as the di�erent testing pro
edures. For example, wewish to make it easy to add noise of di�erent varian
es to the motion signals and to easilymake 
omputations between predi
ted and truth signals. Therefore, we require a set of\ground truth" datasets whi
h are assumed to be the user's a
tual motion. Although these\ground truth" datasets may not be the exa
t motion of a given user, we 
an 
onsiderthem to be representative of what the user might do and this is adequate for our purposes.To develop the \ground truth" datasets, we 
olle
ted a set of head and hand motionsequen
es with the user performing various tasks that are typi
al in a virtual environment.The data was 
olle
ted using the InterSense IS900 tra
king system in a Cave. Ea
h motionsequen
e is about 20 se
onds in length and was sampled between 210 and 217Hz. Ea
hpose re
ord 
onsists of a timestamp, a position ve
tor and a unit length quaternion. Ea
hmotion sequen
e was then resampled �ve times higher than its original sample rate usinglowpass interpolation. This makes ea
h motion sequen
e's sampling rate a little over 1kHz.The resampling makes testing over di�erent sample rates mu
h easier to perform.5



The resampled motion sequen
es have noise asso
iated with them from both the low-pass interpolation and the sensors themselves. To 
reate 
lean signals3, we examined thepower spe
trum of ea
h to determine the lowpass and highpass parameters to a zero-phaseshift �lter used to remove high frequen
y noise. Note that on
e the signals are �ltered,the quaternions are renormalized to ensure they are of unit length.Many su

essful predi
tors utilize velo
ity and/or a

eleration information from othersensors like gyros
opes and a

elerometers[1℄. Therefore, it is important to have the
exibility to examine these predi
tors. Sin
e we do not have a

ess to these types ofsensors, we do the next best thing by simulating them. Using the 
lean motion sequen
es,�rst and se
ond derivatives (i.e., velo
ity and a

eleration) were 
al
ulated using 4th order�nite 
entral di�eren
ing s
hemes. Be
ause the derivatives were 
al
ulated on 
lean signalswith high sampling rates, the 4th order di�eren
ing s
hemes provide a ni
e approximationto what one would get with today's gyros
opes and a

elerometers. With the derivativeinformation for both position and orientation, ea
h pose re
ord 
ontains a timestamp,a position, velo
ity, and a

eleration ve
tor and an orientation quaternion, an angularvelo
ity pure ve
tor quaternion, and an angular a

eleration pure ve
tor quaternion. Thesemotion sequen
es are then used as input to the testing suite.3.3 Software Ar
hite
tureThe Predi
tive Tra
king Algorithm Testing Suite's software ar
hite
ture, shown in Figure1, has four main 
omponents. The �rst 
omponent, the user interfa
e 
omponent, wasdeveloped with the Qt interfa
e toolkit and provides the user with 
ontrol panels forloading datasets, setting system parameters, setting predi
tion algorithm parameters, andrunning di�erent experiments. In addition, it allows the user to start a MATLAB engineused to produ
e graphi
al error plots from the various test types.The UI 
omponent has a two way 
onne
tion to the se
ond 
omponent, the Dispenser.The Dispenser a
ts as a link between the UI 
omponent and the predi
tion algorithmlibrary. It takes all the required system, algorithmi
, and test parameter information plusthe a
tive dataset from the UI 
omponent and simulates a tra
king system by providingpose re
ords to the predi
tion algorithm library's a
tive predi
tor. The Dispenser is alsoin 
harge of adding noise to the 
lean motion sequen
es a

ording to the noise varian
eparameter (we assume zero mean Gaussian white noise).The Dispenser's other job is to send the predi
ted as well as the 
lean and 
orruptedmotion sequen
es to the Results and Error Analysis 
omponent. This 
omponent performsthe error 
omputations as well as prepares the results for both tabular and graphi
al dis-play a

ording to the parti
ular test run. Finally, the fourth 
omponent is the Predi
tionAlgorithm Library. The library 
ontains all the developed predi
tors and allows for others3We need a 
lean signal so we 
an add noise to them later.6
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Figure 1: A software ar
hite
ture diagram of The Predi
tive Tra
king Algorithm TestingSuite.to be easily added through a simple API and a small addition to the UI 
omponent. Ithas a two way 
onne
tion to the Dispenser so it 
an re
eive pose information as well asalgorithmi
 parameters and send predi
ted poses ba
k to the Dispenser. The library'sonly 
onne
tion to the rest of the testing suite is through the Dispenser sin
e we want itto be as independent as possible. This independen
e will make porting the predi
tors toreal-time VR and AR appli
ations mu
h easier.4 Example Experiments using the Testing SuiteUtilizing The Predi
tive Tra
king Algorithm Testing Suite, we present some simple ex-periments on the performan
e of 4 di�erent Kalman �lter-based predi
tors a
ross di�er-ent sampling rates, predi
tion times, and noise varian
e for both head and hand motiondatasets. The two position predi
tors utilize a 
ontinuous-dis
rete Kalman �lter while thetwo orientation predi
tors utilize the extended Kalman �lter, an extension to standardKalman �ltering used with nonlinear pro
ess models. For more details on Kalman andextended Kalman �ltering see [1, 8, 11, 14℄.
7



4.1 DatasetsTwo head motion and two hand motion datasets are used to test the various predi
tors.The two head motion sequen
es, denoted by HEAD1 and HEAD2, are typi
al of thosefound when using a Cave. The HEAD1 dataset samples a user standing in the 
enterof the Cave rotating the head and body as she virtually navigates through the VE. TheHEAD2 dataset samples a user physi
ally walking around in a Cave environment. Thistype of motion is 
ommon when a user intera
ts with the StepWIM[6℄, an intera
tionwidget pla
ed on the 
oor of the Cave used in navigation. The two hand motion datasets,HAND1 and HAND2, represent two di�erent hand motion styles. The HAND1 datasetsamples a user grabbing, manipulating, and pla
ing virtual obje
ts in the VE. The HAND2dataset samples a user working in CavePainting[4℄, a tool for 
reating 3D artisti
 s
enes.The HAND2 dataset is essentially free form hand motion and will be the most diÆ
ult topredi
t a

urately.4.2 Predi
torsWe examine four Kalman �lter-based predi
tors using the testing suite, two KF predi
torsfor position and two EKF predi
tors for orientation. The predi
tors are designated bytheir pro
ess model and the types of measurement sensors used. For position we have thefollowing predi
tors:� PVSM { position/velo
ity pro
ess model with single position measurement� PVASM { position/velo
ity/a

eleration pro
ess model with single position mea-surement.For orientation we use the following predi
tors:� OVSM { orientation/angular velo
ity pro
ess model with single position measure-ment� OVASM { orientation/angular velo
ity/angular a

eleration pro
ess model with sin-gle position measurement.4.3 Experimental ParametersThree separate tests are run on ea
h predi
tor for every dataset giving a total of 48 di�erenttests s
enarios. For the test s
enarios we utilize RMSE metri
. The predi
tors are runa
ross di�erent sampling rates, predi
tion times, and error varian
es. For the samplingrate test, predi
tors are tested where the datasets are sampled using 40 di�erent samplerates between 25 and approximately 1000Hz. For the predi
tion time test, the predi
tors8



RMS Error Ranges from Lowest to Highest Sampling Rate (25 to 1000Hz)100ms Predi
tion Time, 5e-5 Position Noise and 5e-6 Orientation Noise Varian
eHEAD1 HEAD2 HAND1 HAND2PVSM 0.46 - 0.34 0.58 - 0.47 0.67 - 0.51 2.23 - 2.05PVASM � 0:54 0.66 - 0.7 0.83 - 0.63 3.18 - 2.36OVSM 1.9 - 1.4 2.15 - 1.71 2.7 - 2.3 12.6 - 11.4OVASM 2.62 - 3.13 3.03 - 3.72 3.56 - 4.37 18.6 - 27.1Table 1: A summary of the RMS error ranges from low to high sampling rates. The entriesfor the �rst two predi
tors are in in
hes, and the entries for the se
ond two predi
tors arein degrees.are tested 40 times between 15 and 240ms. Finally, for the error varian
e tests, predi
torsare tested 20 times where noise is added to the motion signals with varian
es between0.000001 and 0.0001 for position and between 0.0000001 and 0.00001 for orientation. Forthe noise added to the position signals, this is equivalent to a Gaussian distributed range of�0:036 in
hes in the smallest 
ase and �0:36 in
hes in the largest 
ase, and for orientation,�0:28 degrees in the smallest 
ase and �2:66 degrees in the largest. For ea
h of thethree tests, the system parameters that are not varied are 
onstant with sampling rate ofapproximately 120Hz, predi
tion time of 100ms and error varian
e at 0.00005 for positionsignals and 0.000005 for orientation signals.5 Results and Dis
ussionTables 1-3 shows the basi
 results of the di�erent predi
tor tests. For the sampling rateand noise varian
e tests, RMS error ranges are shown from the lowest to highest samplingrate and the lowest to highest noise varian
e. For the predi
tion time tests, the highestpredi
tion times are shown for RMS errors under one in
h and 2 degrees. Note that theseresults are rounded for 
larity.One of the important goals of the testing suite is to help VR and AR system designersin making de
isions on how to use predi
tive tra
king algorithms. With the results ofthese experiments, we 
an begin to examine some of the questions posed in Se
tion 1given the experimental parameters dis
ussed in Se
tion 4.3. For example, suppose atra
king system designer is interested in knowing if in
reasing sampling rate will vastlyimprove predi
tion performan
e using the PVSM predi
tor. Therefore, how is the PVSMpredi
tor's performan
e a�e
ted by varying sampling rate with a predi
tion time of 100msand a noise varian
e of 5e-5 a
ross the HEAD1, HEAD2, and HAND1 datasets? Figure 2provides insight into this question, and we 
an see that performan
e does improve although9



RMS Error Ranges from Lowest to Highest Error Varian
ePosition: 5e-6 to 1e-4, Orientation: 5e-7 to 1e-5100ms Predi
tion Time, 120Hz Sampling RateHEAD1 HEAD2 HAND1 HAND2PVSM 0.33 - 0.46 0.44 - 0.58 0.47 - 0.67 1.9 - 2.4PVASM 0.52 - 0.56 0.67 - 0.69 0.59 - 0.82 2.2 - 3.2OVSM 1.3 - 1.9 1.6 - 2.2 2.1 - 2.7 10.8 - 12.4OVASM 2.93 - 3.07 3.46 - 3.56 3.99 - 4.15 24.43 - 23.98Table 2: A summary of the RMS error ranges from low to high noise varian
e. The entriesfor the �rst two predi
tors are in in
hes, and the entries for the se
ond two predi
tors arein degrees.
Predi
tion Times Up to 1 In
h and 2 in Degrees RMS ErrorNoise Varian
e: Position: 5e-5 , Orientation: 5e-6Test Runs between 15 and 240ms, 120Hz Sampling RateHEAD1 HEAD2 HAND1 HAND2PVSM 217 166 146 60PVASM 166 144 123 49OVSM 110 100 84 32OVASM 76 71 63 16Table 3: All entries in the table show the highest a
hieved predi
tion time for whi
hposition predi
tors attained an RMS error under 1 in
h and orientation predi
tors attainedan RMS error under 2 degrees. Times are in millise
onds.
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not in a dramati
 fashion. A possible explanation is that the noise varian
es are 
onstanta
ross di�erent sampling rate tests. As the sampling rate in
reases, a 
onstant noisevarian
e will make the motion sequen
e harder to predi
t. To determine the true bene�tor hindran
e of di�erent sampling rates requires testing against di�erent noise varian
essimultaneously. Our hypothesis here is that higher sampling rates will make signi�
antimprovements in predi
tor performan
e as noise varian
es get smaller.
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Figure 2: PVSM predi
tor performan
e over di�erent sampling rates.In another example, the same tra
king system designer is interested in how in
reasingnoise varian
e will a�e
t the OVSM predi
tor's performan
e given a predi
tion time of100ms and a sampling rate of 120Hz a
ross the HEAD1, HEAD2, and HAND1 datasets?Figure 3 shows the results of this experiment whi
h indi
ate that RMS errors do get worseas noise varian
e in
reases. However, at the given sampling rate and predi
tion time, theRMS errors stay within one degree from lowest to highest noise varian
e indi
ating thatthe OVSM predi
tor handles the noise fairly well.Finally, in our last example, a VR systems programmer knows that predi
ting handmotion will be an important requirement in his 
lients VR appli
ations. How do all fourpredi
tors 
ompare a
ross predi
tion times for the HAND2 dataset with a sampling rateof 120 Hz, a position noise varian
e of 5e-5, and an orientation noise varian
e of 5e-6?From Figure 4, we see that the PVSM and OVSM predi
tors perform better then theirPVASM and OVASM 
ounterparts. However, even the PVSM and OVSM predi
tors do apoor job for any reasonable predi
tion times. This result indi
ates that we need a highersampling rate and lower noise varian
e or more sophisti
ated predi
tion algorithms toimprove performan
e for the motion data exempli�ed by HAND2. The tra
king systemdesigner also examines predi
tor performan
e a
ross predi
tion times for the HAND111
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Figure 5: Predi
tor performan
e over predi
tion time for the HAND1 dataset.dataset (shown in Figure 5) and sees, on
e again, that the PVSM and OVSM predi
torsperform better than their PVASM and OVASM 
ounterparts. For the HAND1 dataset,these predi
tors show adequate performan
e under 100ms for position and under 80msfor orientation indi
ating the PVSM and OVSM predi
tors 
ould be used if the HAND1dataset is a typi
al example of the type of hand motion used in the 
lient's VR appli
ations.Note that these examples are just a small set of the many possible questions that aVR system designer or programmer might ask to determine how predi
tors 
an be usedin their systems. Providing a testing suite with enough 
exibility to handle a varietyof system and algorithmi
 parameters enables them to ask su
h questions and have theempiri
al eviden
e to make informed de
isions to improve VR and AR appli
ations.6 Future WorkThere are a number of signi�
ant areas for future work with The Predi
tion AlgorithmTesting Suite. We wish to 
ontinue to extend the feature set of our testing suite byin
luding more error metri
s, more sophisti
ated testing tools, and additional predi
tionalgorithms su
h as Multiple Model Adaptive Estimation and Covarian
e Interse
tion.In addition, we wish to use the testing suite to develop general predi
tive tra
kingalgorithm models that 
hara
terize predi
tion algorithm performan
e. The example ex-periments presented in this paper examined representative sli
es through the multidimen-sional parameter spa
e. Although these sli
es provide a large amount of information aboutpredi
tor performan
e, they are not suÆ
ient for developing general predi
tion algorithmmodels. Therefore, we wish to perform more rigorous studies to get enough data points13



for model development.This multidimensional parameter spa
e not only 
ontains sampling rate, predi
tiontime and noise varian
e, but also the type of user motion and algorithmi
 parameters.Developing quantitative measures of user motion and models for determining optimal al-gorithmi
 parameters settings will be important for fully understanding predi
tive tra
kingalgorithm performan
e. With this information, predi
tion algorithm models 
ould be de-veloped on a predi
tion by predi
tion basis leading to adaptive predi
tive tra
king systems.On
e we have developed these predi
tive tra
king models we wish to in
orporate them intoreal tra
king systems to improve intera
tion in VR and AR appli
ations.7 Con
lusionWe have presented The Predi
tive Tra
king Algorithm Testing Suite, a software tool fordeveloping and examining di�erent predi
tive tra
king algorithms. The suite is a generalframework for examining predi
tion algorithms a
ross di�erent sampling rates, predi
tiontimes, noise varian
e, spe
i�
 algorithmi
 parameters, and di�erent types of user motion.The suite is general enough to allow VR system designers, predi
tion algorithm developers,and tra
king system designers to ask a variety of questions about how predi
tors willperform under given 
onditions.We have also presented some example experiments using the testing suite and somepossible questions that might be asked to demonstrate the testing suites 
exibility. Al-though the testing suite is still in its early stages of development, it has the potential tobe a valuable tool to anyone interesting in understanding how to use predi
tive tra
kingalgorithms in VR and AR systems.A
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